In this letter, we propose a joint pilot design and channel estimation scheme based on the deep learning (DL) technique for multiuser multiple-input multiple output (MIMO) channels. To this end, we construct a pilot designer using twolayer neural networks (TNNs) and a channel estimator using deep neural networks (DNNs), which are jointly trained to minimize the mean square error (MSE) of channel estimation. To effectively reduce the interference among the multiple users, we also use the successive interference cancellation (SIC) technique in the channel estimation process. The numerical results demonstrate that the proposed scheme considerably outperforms the linear minimum mean square error (LMMSE) based channel estimation scheme.
I. INTRODUCTION
O VER the past decade, the multiuser multiple-input multiple-output (MIMO) system has received considerable attention as a promising solution to improving the spectral efficiency of wireless networks [1] . In order to provide such high spectral efficiency, in the multiuser MIMO system, accurate channel estimation is crucial. In the multiuser MIMO system, channel estimation is much more challenging for the uplink than the downlink, because inter-user interference has to be handled in the uplink. 1 Specifically, in the uplink, the base station (BS) receives multiple pilot signals that are simultaneously transmitted from the multiple users, which cause inter-user interference, leading to degradation of channel estimation performance. In the literature, the issue of channel estimation for the uplink of multiuser MIMO system has been studied in several works [2] , [3] .
Joint optimization of pilot design and channel estimation was studied for the multiuser system [2] , [3] . In these works, the authors developed orthogonal pilot designing methods (i.e., the matrices representing pilot transmissions from different users are orthogonal with one another) to minimize the mean Manuscript 1 In the downlink of the multiuser MIMO system, the channel can be readily estimated by any channel estimation methods developed for the point-to-point (single user) MIMO system, because each user independently estimates (only) its own channel, without any inter-user interference, using one common pilot broadcasted by the base station (BS). square error (MSE) of channel estimation based on the linear minimum mean square error (LMMSE) estimator. To ensure the orthogonality, they assumed that the pilot length L is larger than or equal to the total number M of all antennas of all users, i.e., L ≥ M . In the multiuser MIMO system, however, the value of M can be very large because there might be many users in a cell and each of these users has typically multiple (possibly many) antennas. Thus, for the orthogonal pilot designing, L has to be (very) large as well. This eventually leads to a significant reduction of spectral efficiency due to decreased data transmission time. Therefore, it is important to develop the channel estimation methods that are working well even for the case of L < M. This is the main purpose of this letter.
For the case of L < M, it is not possible to maintain the orthogonality of pilots of multiple users. Thus, there always exists inter-user interference in the channel estimation, which eventually leads to larger values of MSE of channel estimation. To improve the channel estimation performance, in [4] , some (heuristic) nonorthogonal pilot design methods were developed based on the LMMSE estimator in order to mitigate the interuser interference. Although it was not explicitly studied in [4] , it is possible to extend the technique proposed in [4] to the multiuser MIMO system to mitigate the inter-user interference. However, just trying to mitigate the inter-user interference by designing some heuristic methods might not be effective, because mitigating it does not guarantee minimizing the MSE of channel estimation. For the best performance of channel estimation, one should try to directly minimize the MSE. To the best of our knowledge, there has been no work for pilot design to minimize the MSE of channel estimation for multiuser MIMO channels.
Another limitation in the existing schemes for joint optimization of pilot design and channel estimation is that the channel estimation method was always assumed to be linear, most typically the LMMSE estimator [2] , [3] . Although such assumption is very often adopted for analytical tractability, the assumption can be a very strong one that significantly restricts the channel estimation performance. To the best of our knowledge, there has been no work that considered the possibilities of nonlinear channel estimator for multiuser MIMO systems.
In this letter, without assuming L ≥ M and without assuming linearity of the estimator, we study the problem of jointly optimizing pilot design and channel estimation in order to minimize the MSE of channel estimation in multiuser MIMO systems. To tackle this problem, we develop a deep learning (DL) based joint pilot design and channel estimation scheme. Specifically, we first construct two-layer neural networks (TNNs) for pilot design and we also construct deep neural networks (DNNs) for channel estimation. Furthermore, we use the successive interference cancellation (SIC) technique at the channel estimator to further mitigate the impact of inter-user interference. Then all those neural networks are jointly trained to minimize the MSE of channel estimation. The designed pilots (i.e., the multiple pilot matrices for the multiple users) turn out to be nonorthogonal and the obtained channel estimator turns out to be nonlinear as well. Through the numerical simulations, we demonstrate that the proposed scheme considerably outperforms the LMMSE based channel estimation scheme. Notation: We use ⊗ and vec(·) to denote the Kronecker product and the vectorization, respectively. Also, we use blkdiag(A 1 , · · · A k ) to denote a block-diagonal matrix, of which block-diagonal matrices are given by A 1 , · · · A k .
II. SYSTEM MODEL AND CONVENTIONAL APPROACH A. Joint Optimization of Pilot Design and Channel Estimation
We consider the uplink of a multiuser MIMO system composed of one BS and K users. The kth user is equipped with M k antennas and the BS is equipped with N antennas. For channel estimation at the BS, all users simultaneously transmit their own pilot signals represented by pilot matrices
where L is the time length of each pilot signal. The transmit power constraint at the kth user is given by tr
where H k ∈ C N ×M k is the channel from the kth user to the BS and Z ∈ C N ×L is the additive noise.
In this letter, we aim to jointly optimize the pilot signals X k K k=1 of the K users and the channel estimator of the BS in order to minimize the MSE of channel estimation. To this end, we first rewrite the received signal (1) as a vector form:
where
At the BS, the channel vector g (i.e., the stacked version of the K channels, {h k } K k=1 ) needs to be estimated by a channel estimator F (·) using the received signal y and the knowledge of the pilot signals {X k } K k=1 . Thus, the estimated channel vector,ĝ, can be written asĝ = F y; X 1 , · · · , X K . Then, the problem of joint optimization of pilot design and channel estimation can be written as follows:
B. Conventional Linear Approach
In the literature, the state-of-the-art approach to solve (P1) is to assume that the channel estimator F (·) is linear, typically LMMSE estimator [2] , [3] . In the following, we extend the LMMSE based pilot designing scheme developed in [2] and [3] for the multiuser MISO system to the case of the multiuser MIMO system. 2 Letĝ LMMSE =Dy denote the channel vector estimated by an LMMSE estimator. The linear estimatorD to minimize the MSE of channel estimation is obtained as a function of the pilot signals:
Using the linear estimatorD, the MSE of channel estimation can be written
The matrix S can be designed by the heuristic pilot design method given in [4] .
Although the LMMSE based pilot design method described above performs better than other existing schemes, it suffers from limitations both in the pilot design and in the channel estimator design. Firstly, since the pilot is designed by the heuristic method without any optimization, the MSE of channel estimation is not minimized. One might try to use the full search method to obtain the pilot matrices minimizing the MSE; however, the computational complexity of full searching is prohibitively high. Secondly, the LMMSE estimator itself is not optimal for multiuser MIMO channels due to inter-user interference. 3 In the next section, to overcome these shortcomings and to enhance the channel estimation performance, we exploit the DL technique to solve the problem (P1).
III. DL BASED JOINT PILOT DESIGN AND CHANNEL ESTIMATION FOR MULTIUSER MIMO
In this section, we propose a joint pilot design and channel estimation scheme for multiuser MIMO channels based on the DL technique.
A. Structure and Operation of the Proposed Scheme
The structure of the proposed scheme is shown in Fig. 1(a) , which is composed of two parts: the pilot designer and the channel estimator. The goal of the pilot designer is to design K pilots {X k } K k=1 for K users to minimize the MSE by using K TNNs in parallel. The TNN used to design X k is denoted by TNN k . The goal of the channel estimator is to estimate K channels {h k } K k=1 for K users by iteratively stacking K DNNs and (K − 1) TNNs in an SIC manner. The DNN used to estimate h k is denoted by DNN k . The pilot designer and the channel estimator are jointly trained, as will be explained in Section III-B. In the following, the network structure and operation of each part is first explained in detail. Fig. 1 . Structure of the proposed joint pilot design and channel estimation scheme. In Fig. 1(b 
i,j denote the ith element of h k , the ith element ofỹ k , and the (i, j)-th element ofX k , respectively, which are the input, output, and weight of TNN k .
1) Pilot Designer:
In order to construct the pilot designer, lettingX k = X T k ⊗ I N , we first rewrite (2) as follows:
whereỹ
Note that (4) can be modeled by a TNN as shown in Fig. 1(b) . Specifically, h k is mapped to the input to TNN k ,X k is mapped to the weights connecting the input layer and output layer of TNN k , andỹ k is mapped to the output of TNN k . In all TNNs, zero bias vectors and unit activation functions are used. Then, y is the summation of allỹ k and the noise z. Now, one can see that (3), which represents the end-to-end physical mechanism of the pilot transmission and reception, can be exactly modelled by K parallelly connected TNNs and the noise z as shown in Fig. 1(a) . Note that N L×N M k matrixX k is constructed by N times repeatedly using all elements of M k ×L matrix X k , i.e.,X k = X T k ⊗I N . Therefore, it can be shown that the elements x (k) i,j ofX k must satisfy the following two conditions:
Once training of the proposed network has completed, the pilot signals {X k } K k=1 in (P1) can be immediately determined by simply reading the weight matrices {X k } K k=1 of the K TNNs and using the relationship between X k andX k , i.e.,X k = X T k ⊗ I N .
2) Channel Estimator: To estimate the K channels {h k } K k=1 of the K users, we use K DNNs motivated by the fact that the DNNs can accurately model (or approximate) complicated and nonlinear input-output mechanisms [9] . The weight matrix and the bias vector in the vth hidden layer (resp. the output layer) of the DNN k are denoted by W k,v and b k,v (resp. W k,o and b k,o ) for v = 1, · · · , V k , respectively. Then, the estimated channelĥ k can be mathematically written aŝ
whereŷ k is the input vector to the DNN k and φ(·) k,v denote the activation functions at the nodes of the vth hidden layer of the DNN k . We use the rectified linear unit (ReLU) as the activation function at the nodes of all hidden layers, i.e., φ k,v (a) = max(0, a), which has been widely used for avoiding gradient vanishing problem and computational efficiency.
In order to mitigate the inter-user interference, we also use the SIC technique in the channel estimation process. The SIC technique is applied for the input signal of each DNN to reduce the amount of interference contained in the input signal. LetX 0 andĥ 0 denote an N L × N L zero matrix and an N L×1 zero vector, respectively. Then, with the SIC technique, the input signalŷ k of the DNN k can be written aŝ
where the elements ofX k denote the weights of the TNN k . In order to exactly implement the SIC process of (6), we set the pilot signalsX k (i.e., TNNs) of the channel estimator the same as those of the pilot designer. From (5) and (6), the proposed channel estimator is given as shown in Fig. 1(a) . Remark 1: Note that the conventional autoencoder is difficult to exactly represent the multiuser system. For example, in the pilot designer of the proposed scheme, there are K different neural networks, which are disconnected with one another. This is clearly different form the autoencoder, because the encoder of autoencoder has only a fully connected neural network. Furthermore, in the channel estimator of the proposed scheme, there are K fully connected neural networks and (K − 1) SIC modules. This is another critical difference from the decoder of autoencoder, which has only a single fully connected neural network.
Remark 2: In [5] and [6] , a single TNN was used to design a pilot for the single user system. Note, however, that [5] and [6] cannot be used for the multiuser MIMO system, because in the multiuser MIMO system, there are multiple channels and multiple pilots, which cannot be represented by a single TNN. Specifically, by the approach of [5] and [6] , the K simultaneous pilot transmissions through the K channels cannot be represented, and thus, the Kronecker structure based pilot transmission and reception relationship in (3) cannot be modelled. Also, in [5] and [6] , a single DNN was used for channel estimation. However, a single DNN cannot be used for the multiuser system, because the multiple individual channels from the multiple users must be estimated separately.
B. Training of the Proposed Scheme
We jointly train all TNNs for pilot design and all DNNs for channel estimation to minimize the MSE of channel estimation. The loss function is set to the sample mean of squared errors as follows:
where P denotes the set of pilot samples;
denotes the operation of the DNN k ; and θ k represents the set of the weights and biases of the DNN k . Note that the sample mean approaches MSE, based on the law of large numbers, when the number of samples increases. The weights and biases of the DNNs are updated by the stochastic gradient descent (SGD) method as
where α > 0 is the step size. Furthermore, the weights of the TNNs must satisfy the power constraint in (P1), which can be rewritten as tr x kx H k ≤ p k , wherex k = vec(X k ). To this end, we use the projected gradient descent (PGD) method [5] to update the weights of the TNNs as follows:
where u k =x k − α∇x k J .
In each iteration of PGD, the weights of TNNs in the pilot designer are updated by the backpropagation technique. We note that the TNNs in the channel estimator are also updated by the backpropagation technique, and thus, at the end of each iteration, the weights of the TNNs in the channel estimator can be "temporarily" different from those in the pilot designer. However, at the beginning of each (i.e., next) iteration of PGD, the weights are forced to be the same between the pilot designer and the channel estimator by copying the weights of TNNs of the pilot designer to the TNNs of the channel estimator. Because the weights are forced to be the same at the beginning of each iteration, throughout the process of many iterations (these many iterations constitutes a single epoch), the weights can be different slightly only at the end of each iteration, because the updates (i.e., the increments or decrements) of the weights at each iteration are generally (very) small. Because the weights are forced to be the same at every iteration, at the end of each epoch (composed of many iterations), and eventually at the end of training (composed of many epochs), the weights are the same for the pilot designer and the channel estimator.
Note that, in our proposed scheme, we train the neural networks offline using the channel samples and noise samples, which are generated according to the channel and noise statistics. In the case of offline learning, computational complexity is a (much) less concern, because time is not strictly limited. Once the proposed scheme has been trained, the obtained pilot signals and the channel estimator can be effectively used for an online channel estimation process (i.e., for actual channel estimation). The computational complexity of the online channel estimation of the proposed scheme is given by O ηKλ 2 k (M k − 1) , where η denotes the number of test samples. The computational complexity of the linear approach is given by O ηKL 3 N 3 . The computational complexity of the proposed scheme for the values of the parameters used in the simulation is (slightly) lower than that of the conventional linear approach.
Remark 3: Recently, some DL based channel estimation schemes have been proposed in the point-to-point system (i.e., the system consisting of a single BS and a single user) for MISO downlink channel estimation [5] , MIMO downlink channel estimation [6] , [7] , and MISO uplink channel estimation [8] . Note that the problem and target system of the proposed scheme and the schemes of [5] , [8] are totally different. We consider the estimation of uplink channels (MAC) for a multiuser MIMO system composed of a BS and K users. For channel estimation at the BS, all users simultaneously transmit their own pilot sequences to the BS. Thus, there are inter-user interference. On the other hand, Kang et al. [5] and He et al. [8] considered the point-to-point system. Therefore, the previous DL based channel estimation schemes are not easily extended to the multiuser system, and even if it is possible, the performance will be severely degraded by interuser interference.
IV. NUMERICAL RESULTS
In the simulation, we consider a multiuser MIMO channel with K = 3, N = 4, M k = 4, L = 8, and p k = 1. In the proposed scheme, we set V k = 5, α = 0.001, and the number of nodes of each hidden layer is set to 120. We generate the elements of channel matrix H k and the noise vector Z according to CN (0, 1) an CN (0, σ 2 ), respectively. For the linear approach which is used for performance comparison, we set the pilot signals as
6 , e j 2π 3 )] k−1 following the approach of [4] . We train the proposed scheme using 10 6 training samples. One training epoch is defined as one complete cycle of training by using whole training samples. Also, we use 10 5 test samples apart from the training samples for performance measurement. The signal-to-noise ratio (SNR) of the kth user is ρ k = p k σ 2 L . Given the SNR ρ, the SNR of each user is set to be ρ 1 = ρ + 3 dB, ρ 2 = ρ, and ρ 3 = ρ − 3 dB. In this simulation, we consider the two SNRs: the test SNR and the training SNR. The test SNR means the SNR of the received signals in the test phase (i.e., the SNR when the neural network is tested after it has been trained). Also, the training SNR means the SNR of the received signals in the training phase (i.e., the SNR when the neural network is trained).
In Fig. 2 , the MSE of channel estimation is shown versus training epochs for the test SNR = 25 dB. It can be observed that the MSE of the proposed scheme decreases as the number of gradient steps increases, meaning that the training of the neural networks proceeds well. Also, it can be seen that the MSE performance of the proposed scheme becomes stable approximately after 20 training epochs, which demonstrates the convergence of the proposed channel estimation scheme. After about 3 epochs, the proposed scheme starts to outperform the linear approach.
In Fig. 3 , the MSE of channel estimation is shown versus the test SNR for the proposed scheme, DL based channel estimation [5] , and linear approach with SIC. Note that, Fig. 2 . MSE values versus training epochs for the proposed scheme and the linear approach with SIC. Fig. 3 . MSE values versus test SNR for the proposed scheme, DL based channel estimation [5] , and linear approach with SIC. in order to apply the DL based scheme [5] to our multiuser system, we extend the neural network of [5] as follows: (i) a single TNN is extended to multiple TNNs at the pilot designer to represent the multiple signal flows and (ii) a single (big) neural network is used at the channel estimator. The MSE values of the proposed scheme and the DL based scheme [5] are obtained by applying the test samples to the TNNs and DNNs, which are trained for 20 epochs. It can be seen that the proposed scheme outperforms the DL based scheme [5] and the linear approach with SIC. This is because the inter-user interference is substantially reduced by using the proposed channel estimation scheme based on the SIC technique. Also, the performance gap between the proposed scheme and the others increases as the SNR increases. This implies that, as the SNR increases, the proposed scheme better learns the channel coefficients by further reducing the inter-user interference.
In Fig. 4 , the lower bound of capacity is shown versus the pilot length L for the block length T = 12. The lower bound of capacity that can be used in the presence of channel estimation errors [10] is given by C low = T −L T E log I N + 1 σ 2 +εĤ HĤ , whereĤ is the estimated channel and ε is the MSE of channel estimation. The lower bound of capacity is maximized when L = 8, and decreases when the pilot length L further increases, because the time left for data transmission becomes too small. To maximize the capacity, we chose L = 8 in our simulation.
In order to investigate the robustness of our neural network to SNR, we test the proposed scheme at the SNR values that are different from the training SNRs (that is, the training SNR is different from the test SNR). In Fig. 5 , the MSE value is shown versus test SNR for the proposed scheme, which is trained at different SNR values. It can be seen that the MSE values of the proposed neural network do not change much even when it is trained at different SNR values. This means that the proposed channel estimation method is robust to the SNR values.
V. CONCLUSION
We proposed a DL based joint pilot design and channel estimation scheme for multiuser MIMO channels. The superior channel estimation performance was demonstrated through the numerical results. As an important future work, training duration and average power budget should be considered to be optimized for the multiuser MIMO channel estimation.
